In this study we present the decomposition of income inequalities between household income distributions in Poland in 2002 and 2012. The difference between two distributions may be decomposed using the counterfactual distribution, which can be constructed in various ways. Techniques such as the residual imputation approach and RIF-regression method (recentered influence function) were considered. The application of these methods made it possible to show the aggregate detailed decompositions in different quantile points along the income distribution. The influence of several person's characteristics on the differences in income distributions was examined. By decomposing the inequalities into the explained and unexplained components it was possible to receive additional information about their causes.
Objective of the study
Objective of the studyNowadays, a variety of techniques for income inequalities decomposition are becoming more and more popular. Many procedures go far beyond simple comparison of average values proposed by Oaxaca (1973) and Blinder (1973) . They allow to decompose e.g. the variance, the Gini coefficient or the differences along the whole distribution. These techniques are useful in studying differences of income distributions for various groups of people.
Past studies in Poland were mostly focused on the decomposition of average values for incomes by using the Oaxaca-Blinder method (e.g. Słoczyński, 2012; Śli-wicki, Ryczkowski, 2014) . Only a few studies go beyond the mean-decomposition (e.g. Newell, Socha, 2005; Rokicka, Ruzik, 2010; Landmesser, Karpio, Łukasiew-icz, 2015; Landmesser, 2016) . The aim of this work is to study differences between income distributions in Poland in 2002 and 2012. The empirical data used have been collected within the Household Budget Survey for Poland.
Decomposing differences between two distributions, one utilizes the so-called counterfactual distribution. This is a mixture of a conditional distribution of the dependent variable and a distribution of the explanatory variables. Such counterfactual distribution can be constructed in various ways (e.g. DiNardo, Fortin, Lemieux, 1996; Donald, Green, Paarsch, 2000; Machado, Mata, 2005; Fortin, Lemieux, Firpo, 2010: 50-82) . We investigate the differences in the whole range of income values by the use of the residual imputation approach (JMP-approach) proposed by Juhn, Murphy, Pierce (1993) . It is also examined how the people's characteristics (the explanatory variables in estimated models) influence various ranges of income distributions, using the RIF-regression method (recentered influence function) proposed by Firpo, Fortin, Lemieux (2009) 
Methods of the analysis
Let y i be the outcome variable in year i (e.g. the household disposable income in 2002 or 2012) and X i the vector of individual characteristics of the household's head or the household in year i (e.g. gender, age, education level, number of children, place of residence). The expected value of y conditional on X is a linear function y i = X i β i + ν i , i = T 1 , T 2 , where coefficients β i are the returns to the characteristics. The Oaxaca-Blinder decomposition for the average income inequality between two years at the aggregate level is as follows: The first term, on the right hand side of the equation, gives the effect of characteristics and expresses the difference of the potentials of households in two years (the so-called explained effect). The second term, called unexplained effect, is the result of differences in the regression coefficients (differences in the returns to observables). The detailed decomposition may be calculated from equation (2):
The important drawback of the Oaxaca-Blinder decomposition is that it focuses only on average effects, and this may lead to a misleading assessment if the effects of covariates vary across the income distribution.
Let f i (y) be the density function for the variable y in year i. One can express it using the conditional distribution g i (y|X) of y and the joint distribution h i (X) of all elements of X:
The mean decomposition analysis may be extended to the case of differences between the two distributions using the counterfactual distribution f C (y):
The counterfactual distribution can be constructed in various ways. One can apply the residual imputation approach (Juhn, Murphy, Pierce, 1993) . In this method we have to estimate the equations y , where both the returns to observables and residuals are set to be as in year T 1 . The implementation of the residual imputation procedure is divided into two steps. In the first step, the residuals are replaced by counterfactual residuals under the assumption of the rank preservation:
and 2 2 ( )
v in the distribution of residuals for year T 2 . In the second step the counterfactual returns to observables are also imputed:
The assumption of the rank preservation is strong since it means that someone with the same unobserved skills would be in exactly the same position, condition-al on X, in either year 2012 or 2002. Another limitation of this procedure is that there is no natural way of extending it to the case of the detailed decomposition for the explained effect.
A RIF-regression method (Firpo, Fortin, Lemieux, 2009 ) provides a way of performing detailed decomposition. The RIF-regression is similar to a linear regression, except that the variable y is replaced by the recentered influence function of the statistic of interest. Let
be the influence function corresponding to an income y for the quantile Q τ of distribution F Y . The recentered influence function is defined as:
The RIF is simply an indicator variable I{y ≤ Q τ } for whether the income y is smaller or equal to the quantile Q τ . The approach assumes that the conditional expectation of RIF(y, Q τ ) can be modeled as a linear function of the explanatory variables E[RIF(y, Q τ |X)] = Xβ τ + ε, where parameters β τ can be estimated by OLS. The linear probability models explain the determinants of the proportion of households with income less than Q τ . The estimates of models for proportions are locally inverted back into the space of quantiles. This provides a way of decomposing quantiles using regression models for proportions (we get a decomposition model for quantiles by dividing a model for proportions by density, as in (7)).
1 The aggregated and detailed decomposition for any unconditional quantile is then:
The straightforward inversion of proportions performed locally (we don't need to worry about monotonicity of the distribution) is an advantage of the RIF-regression approach. Additionally, the resulting decomposition is path independent.
Data basis
The empirical investigation is based on data from the Household Budget Survey project for 2002 and 2012. For reasons of comparison, the data regards households run by only one person whose main source of income comes from work as an employee. The sample consists of 3178 and 4146 people in 2002 and 2012 1 In the approach, we first compute the sample quantile Q τ and estimate the density ˆ( ) Y f Q τ using kernel methods. Then, we calculate the RIF of each observation according to the equation (7) and run regressions of the RIF on the vector X.
respectively (in 2002: 2076 men, 1102 women; in 2012: 2602 men, 1544 women) . Each head of household is described by the following characteristics: sex (0 -woman, 1 -man), age (in years), education (education level, 1 -primary, …, 9 -tertiary), children (number of children younger than 14 years of age), residence (place of residence, 1 -village, …, 6 -town larger than 500 thousand of inhabitants), position (0 -manual labor position, 1 -non-manual labor position). The annual disposable incomes in 2012 were compared with those obtained in 2002. The incomes in thousands of zlotys ("PLN") were expressed in prices in 2012 and for subsequent calculations we took the logarithms of real income. Figure 1 shows the kernel density estimates of household real income (a) and log real income (b) for both years. Some descriptive statistics for household real incomes in 2002 and 2012 are shown in Table 1 . The mean predicted log income for 2002 equals 3.142, and for 2012 equals 3.385. There is a positive difference between the mean values of log incomes in 2012 and 2002 not only for the whole sample, but also for men or women separately. For the whole sample, the mean log income differential is 0.243, whereas it is 0.258 for men and only 0.226 for women. The explained effect is very low, but the unexplained is substantial. The inequalities examined should be assigned in the majority to the coefficients of estimated models (rather than to the differentiation of individual characteristics). In the next step, we tried to explain the differences observed. Using the detailed decomposition method, we evaluated the strength of the influence of the factors analyzed onto the average log incomes (Table 3) . The age and education variables were positively correlated with the change of the average value of log incomes. However the biggest influence was exhibited by the education attribute. The increase of the average log incomes can be mostly explained by the big increase of the education level from 2002 to 2012. On the other hand, the children variable exhibits negative correlation with the change of the average log income. 
Results of decomposition using JMP-approach
Since the Oaxaca-Blinder technique focuses only on average effects, next, we present the decomposition of inequalities along the distribution between log incomes in 2012 and 2002 using the JMP-approach. The results of this decomposition are shown in Table 4 . There are positive differences between the values of log incomes in 2012 and 2002 along the whole log income distribution. The differences are expressed as the sum of the explained and unexplained components. The total effect is U-shaped (Figure 2a) . The explained effect is lower and the unexplained is higher (Figure 2b) , which indicates the importance of the "labor market value" of the households' attributes. We can see that the effect of coefficients is larger in the middle of the income distribution. The effect of characteristics is positive at the bottom and at the top of the income distribution. Positive values mean that the rising values of characteristics of the poorest and the richest increased the income inequalities over time. In the middle of the distribution the growing characteristics decreased the inequalities. The percentages are calculated as (explained part)/(total difference) × 100% (or (unexplained part)/(total difference) × 100%, respectively). The negative percentages indicate that changes in characteristics of households decreased the income inequalities over time (the corresponding percentage values exceeding 100% suggest that changes in "prices" of households' attributes increased conversely to the inequalities examined). Table 5 and Figure 2 (c, d) present the results of the decomposition of inequalities along the distribution between log incomes in 2012 and 2002 for men and women separately. Figure 2 . The Results of decomposition using the JMP-approach Source: own research using Stata
There are positive differences between the values of log incomes in 2012 and 2002, also for men or women along the income distributions. The total effect seems more U-shaped for men than for women. In both cases, the explained effect is low, but the unexplained is substantial. The explained differential for women shrinks as we move toward the top of the income distribution. The important drawback of the JMP-approach is the fact, that there is no natural way of extending it to the case of the detailed decomposition. Therefore, we changed the method of the analysis to the RIF-regression approach. Table 6 shows one of many results obtained of the detailed decomposition of inequalities along log income distributions. These are the results for 30 th percentile for men. In total, 3 × 9 = 27 detailed decompositions for each decile were carried out: 9 for the pooled sample, 9 for men and 9 for women. The explained and unexplained effects for most variables are statistically significant (the errors have been evaluated using the bootstrap method). In Figure 3 we drew the values of explained effects for each variable and for each decile, for the pooled sample and for men and women separately. The most important are the effects related to the variables education and children. The education variable has the greatest positive influence on the differences between the log income distributions in 2012 and 2002. For the variable children we observe the influence, which reduces log income differences. It means that having children decreased the income inequalities between 2012 and 2002. It could be interpreted that families with children did not increase their incomes in the analyzed period as much as childless families did, becoming relatively poorer. The importance of both characteristics -education and children -increases with the size of income (Newell and Socha also found that many of the factors influencing incomes have a stronger impact in higher quantiles of income distribution -cf. Newell, Socha, 2005) . Less important are position and residence variables. The residence variable has an increasing negative impact on the differences observed, which indicates a "shift of big incomes towards smaller towns" (cf. Landmesser, Karpio, Łukasiewicz, 2015: 51) . The influence of age is insignificant for the middle ranges of income.
Results of decomposition using RIF-regression approach
The calculated values of unexplained effects (effects of coefficients) for each variable and for each decile are presented in Figure 4 . The changes in the returns to the attributes have, unfortunately, partly insignificant effects for the pooled sample, for men, and mainly insignificant effects for women. Therefore, they will not be interpreted. 
Conclusions
The goal of this paper was to present the decomposition of inequalities between log incomes in 2012 and 2002 for Polish households. For reasons of comparison, the data concerned households run by only one person. We started with the decomposition of the average values for log incomes, by using the Oaxaca-Blinder method. There was a positive difference between the mean values of log incomes. The explained effect was low, but the unexplained was substantial. Then, we decomposed the inequalities between log incomes along the whole distribution, using the residual imputation approach. The total effect was U-shaped and bigger for men than women. The explained effect was low, but the changes in character-istics of the poorest and the richest increased the income inequalities over time. The method of RIF-regression provided a way of showing the detailed decomposition of log income inequalities. The explained effects are statistically significant for most variables. The importance of all characteristics increases with income. The education has the greatest positive influence on the differences between the income distributions in 2012 and 2002.
From a technical point of view, one should be aware of the problems that arise when working with decomposition methods (e.g. the omitted group problem or the linearity assumption for the Oaxaca-Blinder method). Many decomposition methods for distributional statistics, other than the mean, allow only for the aggregate decomposition (like residual imputation approach) or for the detailed decomposition which is path dependent (e.g. the Machado-Mata method). Although the RIF-regression method is path independent, it only provides the local approximation for the effect of changes in a covariate on the distributional parameter of interest. However, even if that approach was useful for quantifying the contribution of factors to the differences in outcomes, it may not necessarily deepen our understanding of the mechanism underlying the analyzed process.
